Criticism has been levelled at climate-change-induced forecasts of species range shifts that do not account explicitly for complex population dynamics. The relative importance of such dynamics under climate change is, however, undetermined because direct tests comparing the performance of demographic models vs. simpler ecological niche models are still lacking owing to difficulties in evaluating forecasts using real-world data. We provide the first comparison of the skill of coupled ecological-niche-population models and ecological niche models in predicting documented shifts in the ranges of 20 British breeding bird species across a 40-year period. Forecasts from models calibrated with data centred on 1970 were evaluated using data centred on 2010. We found that more complex coupled ecological-nichepopulation models (that account for dispersal and metapopulation dynamics) tend to have higher predictive accuracy in forecasting species range shifts than structurally simpler models that only account for variation in climate. However, these better forecasts are achieved only if ecological responses to climate change are simulated without static snapshots of historic land use, taken at a single point in time. In contrast, including both static land use and dynamic climate variables in simpler ecological niche models improve forecasts of observed range shifts. Despite being less skilful at predicting range changes at the grid-cell level, ecological niche models do as well, or better, than more complex models at predicting the magnitude of relative change in range size. Therefore, ecological niche models can provide a reasonable first approximation of the magnitude of species' potential range shifts, especially when more detailed data are lacking on dispersal dynamics, demographic processes underpinning population performance, and change in land cover.
model usefulness is contingent on them being able to transfer predictions in space and/or time (Stewart et al., 2015; Willis et al., 2007 Pragmatically, performance is usually assessed by testing the model predictions against records from the regions or time periods used to train the models (Ara ujo & Rahbek, 2006) . Previous studies based on hindcasts (backwards projections) of past range shifts have used a variety of time horizons and taxonomic groups, and their results on model transferability are heterogeneous. For example, predictive ability across time was generally low in studies on cetaceans (hindcasts for the 1970s; Lambert et al., 2014) and plants (late Pleistocene; Maguire et al., 2016) . In a study on birds, observed changes in abundance were significantly positively correlated to the model predictions in only 59% of cases (Ill an et al., 2014) -little better than an even bet. Even for models that were reasonably accurate in predicting range area for the training period, predictive skill tended to deteriorate substantially when used to forecast range shifts (Araujo, Pearson, Thuiller, & Erhard, 2005 [birds] , Roberts & Hamann, 2012 [plants], Smith et al., 2013; [mammals] ). Possible explanations for poor model transferability include the appearance of non-analogue climates (Pearson et al., 2006) , the lack of conservatism in species environmental tolerances and novel species interactions (Smith et al., 2013) . Where studies have found fair to good predictive accuracy over time, model transferability typically varied across species , the level of management (Macias-Fauria & Willis, 2013) or the degree of stability in species-environment correlations (Rubidge, Monahan, Parra, Cameron, & Brashares, 2011) . Importantly, all of these studies have used comparisons of different flavours of correlative ecological niche models (ENMs)-the most frequent type of modelling approach used to predict species range shifts (Araujo & Peterson, 2012) . These models statistically correlate species ranges (occurrence or abundance data at known locations) with information on the environmental characteristics of those locations thought to delimit the species' tolerances for those environmental conditions (Elith & Leathwick, 2009) . Once fitted to historical or present-day data, the models can be used to predict the species ranges across a landscape under future change. Ecological niche models have a set of inherent limitations (Guisan & Thuiller, 2005) , but are generally considered to deliver a useful approximation of suitable areas, contingent on their appropriate use (Araujo & Peterson, 2012) . However, one of the major shortcomings of ENMs for climate change applications is that they do not explicitly incorporate a species' propensity to colonize new locations, nor do they model the rate at which species will disappear from old locations (Elith, Kearney, & Phillips, 2010) .
It has been argued that a more detailed understanding of species responses to environmental change, and an improvement in forecasts of species range shifts, requires more mechanistic models of range dynamics (Fordham, Brook, Moritz, & Nogu es-Bravo, 2014; Singer et al., 2016) . One approach is to combine species demography with climate suitability (typically derived from ENMs) and dispersal across a landscape, to simulate population dynamics within an integrative framework (Fordham, Akc ßakaya, Ara ujo, Keith, & Brook, 2013) . These models are potentially more realistic and less prone to bias than correlative ENMs alone (Zurell et al., 2016) because they account for potentially important metapopulation processes, and multiple human impacts (Ehrl en & Morris, 2015; Fordham, Mellin et al., 2013) . Furthermore, they can directly measure extinction risk (population declines and other measures of stochastic viability), as well as change in habitat area, when assessing climate change impacts on biodiversity . Despite their increased popularity, demographic models linked to ENMs require more detailed field data for parameterization, and have never been validated against real-world independent data. Such testing is critical for determining whether the addition of key information on species' vital rates (e.g. growth rate, density dependence) improves estimates of range shifts and extinction risk under climate change scenarios.
Here, we predict historical range shifts in response to past climate change using coupled demographic ENMs, and assess model performance using observed changes in species' ranges. In addition, we test if the performance of these complex models is superior to simpler correlative ENMs. To realize this aim, we made use of a unique dataset: a breeding bird population census of 20 species in the United Kingdom (UK) in 1970 and 2010. Because the 2010 dataset has only recently become available, results from previous model-validation studies have been based on observed range movements over 20 years rather than 40 years period (e.g., Araujo et al., 2005; Pearce-Higgins, Eglington, Martay, & Chamberlain, 2015; Rapacciuolo et al., 2012) .
We trained models of different complexity, using the species' occurrence in the 1970s, species' dispersal constraints and demographic parameters estimated from time series abundance data centred on 1970. We used these models to forecast species ranges in 2010, where we had (independent) test distribution data. In total, we fitted eight model types (Figure 1 ) that represented a gradient from simpler correlative ENMs, to dispersal-linked ENMs, through to complex spatially explicit population models. Our general aim was to examine whether theoretically more realistic models (by virtue of accounting for a greater level of ecological processes) would deliver improved approximations of observed species range shifts. More specifically, we (i) compared models with and without the inclusion of land use and demographic processes (i.e., population growth and colonization and extinction dynamics), (ii) evaluated models with different dispersal hypotheses (no dispersal, a distance-decay dispersal function, unlimited dispersal) and (iii) examined which models are more likely to result in "false-negative" or "false-positive" errors. Our results improve knowledge of whether simpler models are more transferable.
| MATERIALS AND METHODS
2.1 | Data 2.1.1 | Bird occurrence, climate and land use data British birds are one of the most extensively surveyed faunas in the world (Baillie et al., 2014) . We compiled occurrence data for 20
British bird species using the Breeding Atlas 10 km grid-cell data for two time periods : 1968-1972 (t 1 ), 2007-2011 (t 2 ). Species were chosen on the basis that (i) there were sufficient data available to parameterize demographic models; and (ii) they were not seasonal migrants or shore birds because of difficulties in defining explicit areas of occupancy for these groups (Bradshaw et al., 2014) . We also excluded species with fewer than 20 occurrence records in the first recording period because of problems related to modelling data with small sample sizes (Stockwell & Peterson, 2002) . There is a risk of biases in extrapolations associated with incomplete characterizations of climatic niches (Pearson, Dawson, & Liu, 2004) , potentially inflating forecast risks from climate change (Ara ujo, Alagador, Cabeza, Nogu es-Bravo, & Thuiller, 2011). To avoid this problem, data for birds for the baseline period (1968) (1969) (1970) (1971) (1972) from the British Bird Atlas were amalgamated with European wide distributions at 50 km grid-cell resolution from a digitized version of the Atlas of European Breeding Birds (Hagemeijer & Blair, 1997) . Ecological niche models were thus initially trained with British and European wide distributions data, and then projected in Britain alone (Pearson et al., 2004) .
Annual mean values for mean minimum temperature in February (°C), mean maximum temperature in July (°C) and mean total annual precipitation (millimetres) were derived from the Climate Research Unit (CRU) monthly climate data (New et al., 2000) . The data provide monthly values for 1901-2000 in a 10 0 (ca.
16 9 16 km grid) resolution that overlapped with the terrestrial area of Europe, including England, Wales and Scotland. The baseline climate record was extended to 2010 using the ALARM business-asmight-be-usual (BAMBU) storyline (Fronzek, Carter, & Jylh€ a, 2012) .
These combined data provided a homogenous 40-year annual-step climate data series. The difference between ALARM storylines was negligible for the UK in 2010 (see Fig. S1 ); and are similar to more recent CRU TS 3.2 data (<AE0.5°C for temperature variables and <AE0.25 mm/day for annual precipitation; Harris, Jones, Osborn, & Lister, 2014) . Our choice of climate variables reflects those known to impose constraints on bird ranges as a result of widely shared physiological limitations (Crick, 2004; Lennon, Greenwood, & Turner, 2000) , having been used in several modelling studies of birds in the UK (Araujo et al., 2005; Bradshaw et al., 2014; Pearson et al., 2004) .
All climate data were projected onto the British Breeding Bird Atlas occurrence 10 km-grid and the European Breeding Birds Atlas 50 km-grid using cubic spline interpolation.
We generated species-specific land-cover suitability maps using (Baillie et al., 2014 ) and expert advice. Spatial variation in land-cover suitability was similar between the three available time periods (Table S1 ). Therefore, to avoid the risk of uncertainty propagating through to results due to classification errors in the temporal sequence of land use layers (Mouquet et al., 2015) , and because we did not have land use data for the initial 20 years of the simulation, we treated land-cover suitability (centred on 1990, the midpoint of the simulation) as a static variable in the models focused on the mid-point of the study period.
For species-specific maps of land use suitability, see Fig. S2 and Table S1 .
| Modelling
Using ecological niche models as the simplest modelling unit, we generated seven alternative model types with differing levels of complexity ( Figure 1 ). These models fell into three families (described in more detail below): simple Ecological Niche Models Models were calibrated using European-wide occurrence data for t 1 matched to average climate data for 1968-1972. Models were trained using 80% random sample of the initial data and tested against the remaining 20% of data (Fielding & Haworth, 1995) . Accuracy of predicted distributions in the training set was measured for every model using the area under the curve (AUC) of the receiver operation characteristic (ROC) and the true skill statistic (TSS) (Liu, Berry, Dawson, & Pearson, 2005) . Models with low performance (TSS < 0.3) were discarded from the ensemble (Garcia, Burgess, Cabeza, Rahbek, & Ara ujo, 2012) . The remaining ENMs were used to predict probability of occurrence or climate suitability and presence and absence at annual time-steps from 1970 to 2010. Modelled probabilities or climate suitabilities were transformed into predictions of presence and absence of species in the grid cells, using thresholds defined by AUC for presence-absence models and fixed cut-offs for presence only models. Consensus about the predicted distribution of the species was obtained by recording the areas where at least 40% of the models agreed that the species would occur there .
In total, we generated four different types of ENMs (see above needed to sustain a breeding pair of birds. This is likely to be a conservative threshold for some bird species in our analysis. The ENMs with climate, land use and no dispersal (ENM_LU_ND) used ENM_LU predictions but assumed that only grid cells that were occupied in both 1970 and 2010 were occupiable between these time periods.
| Dispersal models
Projections by ENMs of future grid cells suitable for colonization were linked to a stochastic dispersal model, using a cellular/lattice spatial structure consisting of 2,665 grid cells (10 9 10 km longitude/latitude grid-cell resolution). Cells were classed as either suitable or not suitable at each time step. Natal dispersal was modelled using published estimates from Paradis, Baillie, Sutherland, and Gregory (1998) . More specifically, we used species' specific dispersal kernels to model the probability of dispersal between grid cells of suitable habitat during each time step as an exponential function:
a is the proportion of individuals that disperse in all radial directions, b is the mean dispersal distance of the species (Akcakaya & Root, 2005) . When D exceeds a specified maximum distance (D max ) that a species is expected to be able to disperse P is set to zero. See Table S2 for species-specific dispersal parameters. We modelled a high level of stochasticity in dispersal rates (co-efficient of variation = 1; Paradis et al., 1998) and assumed that colonized cells stabilize at a species-specific maximum density (set at maximum K between 1970 and 2010; see below) within a 3-year period using an exponential population growth function. The approach we used is similar to MigClim (Engler, Hordijk, & Guisan, 2012) , in that the model's basic unit is a cell that is occupiable or not, dispersal is defined by a dispersal kernel and propagule pressure is a function of the time since colonization. It differs from MigClim in that it models the probability of the proportion of individuals that move between cells, not the probability of a dispersal event. This has both advantages and limitations ); however, we chose this method because outputs are directly comparable to those from the coupled niche-population models described below. The dispersalonly models were implemented in RAMAS METAPOP (Akcakaya & Root, 2005) . The model was initialized using the approach described for coupled niche-population models (see below), allowing us to directly compare model output with and without stochastic population growth and its interaction with dispersal. where maximum abundance was the highest density of birds expected in a 10 km grid cell when land cover = 1 and climate = 1.
| Coupled niche-population models
If abundance at any time was less than a minimum abundance, then a threshold function (thr) set abundance to zero, simulating a simple Allee effect. Land cover was the proportion of the grid cell that is potentially habitable based on land use type. Climate suitability was the output of the ecological niche model (with no threshold for prevalence), scaled between 0 and 1. The minimum abundance value was set iteratively by maximizing the kappa score (Monserud & Leemans, 1992 ) between simulated and observed range in t 1 (i.e., 1970) using 10-fold cross validation for minimum abundance values ranging from 1 to 1,000 females per 10 9 10 km grid cell.
The carrying capacity of birds in each grid cell for simulations without land use was calculated as:
K ¼ thr ðmaximum abundance Â climate suitability Â max land cover; minimum abundanceÞ
, where max land cover is the maximum area of suitable land use in any given 10 9 10 km grid cell divided by the area of that cell. This scaling parameter prevents superabundant populations that can arise as a result of the relatively coarse spatial resolution of the model (10 km grids) (Fordham, Akcakaya, Brook et al., 2013) . The minimum abundance value was set using an identical technique to K with land use.
Climate suitability was the same for K with and without land use.
We used long-term population dynamics time-series data to calculate finite rates of population increase and their variance (Brook & Bradshaw, 2006) . The minimum length of these time series was 12 year-to-year transitions with a mean duration of 27 year-to-year transitions. The time series overlapped closely with the study period (mean focal year = 1965), which is close to the year used to calibrate the ENMs (1970), and, therefore, reasonable as the basis to estimate demographic parameters in the Metapop models. Estimates of maximum finite rate of population increase (R max ) and standard deviation around the intrinsic rate of population growth were calculated following Brook and Bradshaw (2006) and are reported in Table S2 . The standard deviation value was used to model population fluctuations driven by environmental stochasticity (Fordham, Akcakaya, Brook et al., 2013) . We used multi-model inference (Burnham & Anderson, 2002) to assign strengths of evidence for two population dynamics models commonly used to describe phenomenological time-series data: a density-independent model (random walk) and a density-dependent model (Ricker-logistic population growth). On this basis, each species was assigned either a density-independent or density-dependent model of population growth (Table S2 ). Density dependence was modelled using the "scramble Initial abundance in the first time step (t) was firstly modelled as being equal to 80% of K. A burn-in period of 10 years (1,000 iterations) was used to generate a stable initial equilibrium abundance and patch (occupied grid cell) structure under the assumption of constant 1970 climate conditions . All simulations were based on 1,000 stochastic replicates and run over a 41-year period (i.e. 1970-2010).
| Independent model testing
We compared observations and predictions for all 20 species using the three types of models with varying levels of realism and complexity (ENM, Dispersal, Metapop). Specifically, we compared observed and predicted spatial patterns of species ranges for t 2 , and changes in range size between t 1 and t 2 . This allowed us to identify models that give similar spatial projections and make generalizations across species regarding which model types best describe observed range dynamics (Garcia et al., 2012) . Change in range area between t 1 and t 2 was calculated as the difference between the number of 10 km grid cells gained by the species (i.e. sites where the species was present in t 2 but absent in t 1 ) and the number of sites lost (i.e.
sites where the species was absent in t 2 but present in t 1 ) relative to
the total number of sites occupied in t 1 and t 2 (i.e. the stable range) (Delean, Bull, Brook, Heard, & Fordham, 2013) .
We used the TSS to compare predicted with observed patterns of presences and absences in 2010 for each species. This metric has been shown to be a simple and intuitive measure for discerning the accuracy of predictions when they are expressed as presence-absence maps (Allouche, Tsoar, & Kadmon, 2006) . Because choice of evaluation metric can influence estimates of predictive accuracy (Allouche et al., 2006) , we also show results for area under the Receiver Operating
Characteristic curve (AUC) (Swets, 1988) . We used Generalized Linear Models (GLM, Gaussian-identity distribution-link) to explore the relative importance of different predictor variables on overall prediction accuracy (TSS and AUC), omission (falsely predicted absences) and commission errors (falsely predicted presences) that is, based on results from 20 species 9 8 different model configurations (n = 160).
The predictor variables were "species," "model type," "land use" and "dispersal type." In each case, we inspected model residuals for normality and then chose an exponential transformation for TSS and omission error; and a log transformation for commission error. These transformations achieved normality for the response variable. We compared these models to a null model, which assumes a single rate across "spe- 3 | RESULTS
| Predicting changes in patterns of occurrence
Projections of geographic patterns of range contraction and expansion varied considerably across models and species (Fig. S3) , as illustrated in detail for two selected species (Figures 2 and 3) . We show that both the choice of dispersal type (no dispersal, unlimited dispersal, dispersal function) and how to model land use (and their interaction) influenced model skill in predicting observed patterns of occurrence in 2010 (Figures 4 and S4) .
A multi-termed model with explanatory variables dispersal and land use (and their interaction) had the largest effect on predictive accuracy based on TSS (TSS~dispersal: land use; x i = 0.78), explaining 22% of the variance when compared to the null model (Table 1 ). There was also some support for the next two best-ranked models that modelled TSS as a function of species (TSS~species; x i = 0.13, DAIC c = 3.58, DEV = 36%); and as a function of type of model, land use and their interaction (TSS~model: land use; x i = 0.01, DAIC c = 0.01, DEV = 24%). Likewise, the choice of method of dispersal, and whether to consider land use, had the largest influence on AUC predictive accuracy (AUC~dispersal: land use; x i = 0.89), explaining 24% of structural deviance (Table 1) . Including land use in ENM models tended to improve predictions of occurrence patterns in 2010 (Figures 4 and 5) .
In strong contrast, including land use in DISPERSAL and METAPOP models tended to provide less accurate predictions of occurrence patterns (Figures 4 and 5) . In general, DISPERSAL and METAPOP models were most skilful in predicting changes in occurrence patterns, but only if land use was not considered in the model.
| Predicting changes in range area
Models tended to do a fair-to-good job at predicting observed proportional changes in range area, regardless of model type ( Figure 6 ). The difference from observed values was low (<10%) for ≥50% of the birds modelled (with and without land-use) using ENMs (n = 10-11), ≥45%
of birds modeled using DISPERSAL models (n = 9-11) and ≥30% of birds modeled using METAPOP models (n = 6-9). The median difference between observed and predicted change in range area was 8.6%-9.8% for ENMs, 10.1%-11.2% for DISPERSAL and 9.9%-16.3%
for METAPOP. Although skill in predicting changes in range area for a given modelling approach varied across species (Figure 6 ), all models did poorly at predicting observed range increases and decreases for some species. For example, no models were able to accurately predict the large range expansion undergone by Alectoris rufa or the large contraction experienced by Perdix perdix (Figure 6 ). There were only three species (Carduelis cannabina, Corvus corone and Pyrrhula pyrrhula) for which all eight models predicted <AE10% difference between observed and predicted net losses or gains of habitat ( Figure 6 ). None of these species were in the upper or lower quartiles for observed range movement (i.e. they did not undergo relatively large levels of range expansion or contraction during the observation period). On average, models consistently predicted the correct direction of observed change (i.e., expansion or contraction) in range shifts in about 50% of cases ( Fig. S5) , ranging from 25%-35% (ENM_ND_LU and ENM_ND) to 60%-70% (METAPOP_LU, METAPOP) depending on the type of model (10 AE 1.03 species, mean AE SE).
In general, more complex models without land use tended to better predict range size in 2010 (Table S3 ). The median difference between observed and predicted range size in 2010 was AE9% for METAPOP, AE10% for DISPERSAL, AE13% for ENM_ND, AE22% for ENM_UD. Accounting for land use greatly improved predictions of 2010 range size for ENM_UD_LU (AE13%), but reduced predictive accuracy for DISPERSAL and METAPOP models (AE20% and 23%, respectively). Masking unsuitable land-use types had no noticeable effect on predictions of 2010 range size for ENM_ND_LU (AE13%). Cygnos olor and Gallinula chloropus, the addition of land use in ecological niche models largely reduced predictive performance (Figure 5 ). It might be that our classification of unsuitable habitat for these two species was incorrect and they were more flexible in their habitat requirements than assumed or that land use preferences changed markedly for these two species between 1990 and 2010.
| Commission and omission errors
Alternatively, they might today be "committed" to extirpation in these areas with unsuitable land use, and these delayed local extinction events have not yet been realized (Fordham, Akcakaya et al., 2016; .
In strong contrast, masking out areas that are unsuitable for occupancy because of non-climatic factors in models with species' specific dispersal constraints (DISPERSAL_LU) and extinction and colonization dynamics (METAPOP_LU) resulted in a decrease in predictive accuracy, brought about by higher false-negative predictions (Omission errors; Fig. S6 ). This is because these more mechanistic approaches model dispersal and metapopulation processes as dynamic functions of land use (as well as climate suitability) continuously (usually at annual time steps) for the entire simulation period. Although land use has been assumed to be important in models of range dynamics (Triviño, Thuiller, Cabeza, Hickler, & Ara ujo, 2011) and its capacity to improve range predictions has been tested previously using virtual species ranges (Stanton et al., 2012) , our new analysis provides an important test of these findings using a realworld independent validation dataset. We show that the common practice of using static land use predictors in coupled niche-population models to continuously mask out areas from forecasts that are unsuitable because of non-climate factors (e.g. Fordham, Akcakaya, Brook et al., 2013; Harris et al., 2012) should be abandoned if there is a high probability that land use will change over the simulation period. However, applying restrictive masks to ecological niche model predictions of habitat suitability will improve forecasts if land use closely resembles the future landscape. This is because the end point is what matters for the predictive accuracy of statistical-based models, not the conditions leading up to this end point (i.e. the road travelled). Models fitted with land use tended to have higher omission rates then models without land use regardless of model complexity.
| Comparison of models with different dispersal hypotheses
In our models, we used a gradient of different dispersal hypotheses from unlimited to no dispersal and, unsurprisingly, the more restrictive assumptions (no dispersal or a dispersal function) generated pre- cal niche models that assumed no dispersal at all (ENM_ND). This result provides a cautionary note for the common practice of using ecological niche models with an unlimited dispersal simplification to forecast species range movement under climate change, and differs from conclusions based on model convergence , as opposed to our independent model validation.
| Complex vs. simple models
Simpler models might theoretically be expected to outperform more complex demographic models because they are arguably more transferable, due to their generality (Bell & Schlaepfer, 2016; Randin et al., 2006) . Although more complex (and potentially more eco- available, and the model is to be used to estimate extinction risk as well as range movement, a METAPOP model should be used since the relationship between change in range area and extinction risk is often weak ). The METAPOP model should be simulated with land use, only if land use is not expected to vary, or if spatiotemporal change in land use can be accurately projected.
Furthermore, by modelling spatiotemporal abundance, coupled niche-population models not only allow extinction risk to be directly quantified, but the cost-effectiveness of regional conservation alternatives and demographically oriented management interventions to be tested .
Our research shows that for many species of British breeding birds, ecological niche models can provide a good approximation of the magnitude (but not necessarily the direction) of climate-driven changes in geographic extent. Therefore, if the objective of the study is to identify species that are likely to experience large range contractions and expansions in the future (regardless of where these play out in space and time), simple ecological niche models can routinely provide as good if not better predictions then more complex models. Similarly, Rapacciuolo et al. (2012) used temporally independent records to show that ecological niche models did well at predicting observed changes in total range area despite failing to predict correctly specific range changes at the grid-cell level.
| Previous findings and limitations
Previous studies have advocated the use of more complex range dynamics models that overcome some of the limitations of correlative ecological niche models by integrating demographic and physiological responses so that range shifts emerge from the interplay of relevant abiotic and biotic processes . The use of more complex models to explore how changes in large-scale abundance distributions arise is leading to a more mechanistic understanding of the underlying processes of range dynamics (Lurgi, Brook, Saltr e, & Fordham, 2015) . Although the methodological frameworks of dynamic range models have been developed, empirical tests and applications of these models are rare because demographic data and time series of local abundances remain scarce (Urban et al., 2016) .
Accordingly, Zurell et al. (2016) recently compared model types using simulated data. They concluded that under present-day climatic conditions, complex demographic models are only marginally better than simple correlative models. However, in rapidly changing climates, complex range dynamic models that account for dispersal and/or demography, are likely to provide better forecasts. When community processes were included in simulated benchmarking data, and models were tested under conditions that better approximate real-world conditions, DISPERSAL type-models often proved most reliable. In our study, biotic interactions were not directly considered in model forecasts, yet real-world benchmarking data also revealed good evidence for using more complex models to predict where occupancy status changed due to observed climate change. Our study inevitably focused on low levels of observed climate change in the UK over the last 40 years, which are small compared to what is forecast for the future (Fordham, Akcakaya et al., 2016; .
Therefore, caution must be shown when using our results to make generalizations regarding how well models of species range dynamics will do at predicting range movement for the twenty-first century and beyond because the ability of a model to predict (limited) 20th century climate-driven range movement does not necessarily equate to better predictions in response to forecast (larger) climate exposure (Fordham, Akcakaya et al., 2016; Rapacciuolo et al., 2012) . Nevertheless, the in silico findings by Zurell et al. (2016) that models with dispersal and/or demography provide better predictions as climate change intensifies, gives us some confidence that our results will hold true, even under more extreme climate change.
The most complex models in our study were scalar-based demography models, which can be useful for ecological assessments but can overestimate risk of extinction (Dunham et al., 2006) . Further analysis should focus on testing more complex demographic models (e.g.
stage/age structured demographic models (Caswell, 2001 ); Bayesian models of source-sink dynamics (Schurr et al., 2012) ) and improving model parameterization using Approximate Bayesian Computing (ABC) techniques to calibrate metapopulation models (Rougier et al., 2015) . These techniques offer the prospect of accumulative fine tuning of model parameters via the iterative re-casting of updated information in the prior distribution (van der Vaart, Beaumont, Johnston, & Sibly, 2015; Wells et al., 2015) . We suspect that our most complex (METAPOP) models would have provided even better predictions of species range dynamics if they captured life-history traits that permit population density to vary in different ways in response to key local spatial drivers (Cserg} o et al., 2017) , including dynamic land use change and recent conservation intervention.
